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ABSTRACT: The abundant observation of chemical fragment
information for molecular complexities is a major advantage of
biological NMR analysis. Thus, the development of a novel
technique for NMR signal assignment and metabolite identi-
ﬁcation may oﬀer new possibilities for exploring molecular
complexities. We propose a new signal assignment approach for
metabolite mixtures by assembling H−H, H−C, C−C, and Q−C
fragmental information obtained by multidimensional NMR,
followed by the application of graph and network theory. High-
speed experiments and complete automatic signal assignments
were achieved for 12 combined mixtures of 13C-labeled standards.
Application to a 13C-labeled seaweed extract showed 66 H−C, 60
H−H, 326 C−C, and 28 Q−C correlations, which were successfully assembled to 18 metabolites by the automatic assignment.
The validity of automatic assignment was supported by quantum chemical calculations. This new approach can predict entire
metabolite structures from peak networks of biological extracts.
Methodological advances in multidimensional NMRanalysis over the past four decades have extended its
use to the biological ﬁeld, in which it has made signiﬁcant
contributions, such as the signal assignment of biomacromo-
lecular complexities.1,2 In particular, the sequential assignment
and structural analysis of high molecular weight proteins has
become possible by combining information from chemical
fragments, such as H−N, N−C, and C−C, using stable isotope
labeling of samples and three-dimensional NMR.3−6 After the
sequential assignment, the secondary structure of proteins can
be determined using conformational-dependent information
from 1H and 13C chemical shifts.7−10 Furthermore, interaction
analysis of huge macromolecular complexes, such as GroES/EL
and 20S proteasome, is also possible based on the assigned
chemical shift perturbation analysis.11,12 Similarly, sequential
assignment by combining information from fragments, such as
H−N, N−C, and C−C, is eﬀective in solid state NMR, which
essentially has no limitations in terms of observable molecular
weight13 (Figure 1).
NMR is also eﬀective for the analysis of chemical
complexities in cells. It oﬀers the possibility of spectral analysis
without separation and puriﬁcation and has a superior track
record with native tissues and living cells.14−17 Furthermore,
systems biology has enabled a deeper understanding of the
metabolism and physiology of the mammalian coexistence
superorganism system.18,19 For example, the analysis of
biochemical mixtures allows the identiﬁcation of metabolite
biomarkers, such as acetate and butyrate, from data mining of
complex NMR spectra.20,21 In such metabolic proﬁling,
statistical analysis and identiﬁcation using databases containing
NMR data are important for solving biological problems.22−25
In order to obtain biochemical information, as described in
these reports, the assignment of complex NMR spectra is the
most important step.26 In general, databases containing
annotation programs, such as SpinAssign,27 BMRB,28 and
HMDB,29 have been used in conventional H−C spectrum-
based approaches for metabolite mixture analysis. However, the
assignment of metabolites in mixtures using only a database is
diﬃcult because the database returns numerous candidate
metabolites for each peak query.
A semiautomatic assignment method for the NMR signals in
complex metabolic mixtures has not been established. However,
there is an established assignment method for complex
proteins. Because metabolic mixtures and proteins have similar
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complexities, a method similar to the analytical method for
proteins can be considered eﬀective for signal assignment in
metabolic mixtures (Figure 1). We focus our attention on
protein NMR, as the utility of automatic signal assignments is
widely recognized.30,31 As metabolites have very diverse
chemical structures when compared with proteins, which are
polymers of 20 amino acids, a new methodology is required for
constructing a complete molecule by connecting H−H, H−C,
C−C, and quaternary carbon (Q−C) structural fragments. To
this end, stable isotopic (such as 13C) labeling and nonuniform
sampling (NUS)32 are useful and eﬀective techniques for
assembling the structural fragments into individual compounds
from metabolic mixtures because higher sensitivity and faster
measurement are important for comprehensive detection of the
connecting signals. The protein world has embraced NUS, but
it has been used less in the metabolomics ﬁeld. Although the
NUS method can decrease the experimental time, it also
decreases the sensitivity and resolution. Recently, NUS was
applied to two-dimensional (2D) NMR to increase substan-
tially the resolution of complex mixtures of small molecules
with no increase in the experimental time.33 Thus, the
drawbacks of this method can be solved by adjusting the
sampling schedule and processing method.
The assembly of H−H, H−C, C−C, and Q−C structural
fragments based on NMR signals is a critical step in the
determination of entire structures of metabolites. This fragment
assembly of each compound in a metabolite mixture can be
performed using an algorithm based on graph theory.34 In
general, NMR cross peaks with the same fragment structure are
detected at similar chemical shifts. Thus, fragment assembly of
an entire metabolite structure is expected from combinations of
the partial structures with the functional groups returned by the
NMR chemical shift databases. In addition, the postulated
structures can be veriﬁed by comparison of experimental data
with predictive data.35,36 Thus, the theoretical assignment of an
estimated structure may also be possible with these studies.
Therefore, as shown in Figure 1, an approach similar to the
sequential assignment and structural analysis in proteins was
considered to be applicable to metabolite mixtures.
In this study, a mixture of 12 water-soluble metabolites of
13C-labeled standards and seaweed extracts were prepared for
the proposed fragment assembly approach. The connective
information on each fragment (H−H, H−C, C−C, and Q−C)
was extracted by correlation spectroscopy (COSY), totally
correlated spectroscopy (TOCSY), heteronuclear single
quantum coherence (HSQC), HSQC-TOCSY, and three-
dimensional (3D) HCCH−COSY measurements. These
measurements were also conducted with the NUS method.
The structure of each metabolite was estimated by chain
assignment of the correlation peaks and partial structure
analysis using a database. In addition, the validity of the
estimated entire metabolite structures was veriﬁed by
comparing the theoretical and experimental chemical shifts.
NMR analysis to identify compounds in mixtures without
physical separation is important. Chain assignment of NMR
Figure 1. Concept for assignment of metabolic mixtures by NMR in this study. The top illustration is an analogy of how structural analysis of
proteins has become possible by signal assignment based on multidimensional NMR. In comparison, the semiautomatic assignment method in this
study is shown below. First, the metabolites in the biological sample are comprehensively labeled by stable isotopes, such as 13CO2. The backbone of
each metabolite can be constructed by chain assignment of each correlation signal from the multidimensional NMR measurements. The entire
structure of the metabolite is estimated by analysis of the partial structure from a database or other published information. The estimated structure is
veriﬁed by comparing with theoretical chemical shifts, which are calculated based on quantum chemistry.
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signals in complex mixtures is known to be diﬃcult, but the use
of theoretical calculations in this study made the assignment of
NMR signals easier. Moreover, the accuracy of compound
identiﬁcation in mixtures using this method has a possibility of
increasing compared with that of traditional identiﬁcation
methods.
■ RESULTS AND DISCUSSION
Quality Evaluation of NUS Spectra by Comparing
with Traditional Spectra. We designed this study with the
aim of reducing the total experimental time by obtaining
correlated signals from good quality spectra using various pulse
programs, which would otherwise require enormous amounts
of experimental time. 13C−13C COSY spectra of the conven-
tional and NUS methods using a standard mixture were
measured for veriﬁcation of reproducibility, with essentially
identical measurement parameters (Table S1). The residual
error of the projection data was negligible, thus approaching the
noise level (Figure S1a). Moreover, lost peaks were not
observed upon comparison of the 2D spectra, and linearity was
shown by comparison of the intensity-of-skyline projection data
(Figure S1b). These results showed that comprehensive
detection and increased resolution with a short experimental
time were possible by the application of NUS to a 13C-labeled
metabolite mixture.
Veriﬁcation of the Fragment Assembly Approach for
a 13C-Labeled Standard Mixture Using 12 Water-Soluble
Metabolites. The assignment methodology was developed
using a mixture of 12 known metabolites, before attempting the
comprehensive assignment of seaweed containing unknown
metabolite mixtures. The correlation signals from HSQC and
HSQC-TOCSY by manual chain assignment showed that the
cross peaks of formic acid, fumaric acid, succinic acid, and
pyruvate were uniquely assigned, and correlation signals for two
peaks of α-ketobutyric acid were conﬁrmed (Figure S2a).
Correlation signals in the saccharide region were observed by
further combination of the HSQC, HSQC-TOCSY, 13C−13C
COSY, and 1H−1H COSY spectra (Figure S2b). The
Figure 2. Analytical ﬂow of automatic chain assignment for metabolic mixtures. (1) Data sets are C−H (HSQC, HSQC-TOCSY), H−H (COSY,
TOCSY), and C−C (COSY, TOCSY). (2) Obtaining 1H and 13C chemical shifts. (3) Correcting misalignment of peaks. (4) Connection of
correlation with the adjacent atom on HSQC-TOCSY. In addition, the validity of H−H correlations is conﬁrmed using 1H−1H COSY and/or
TOCSY, and the validity of C−C correlations is conﬁrmed using 13C−13C COSY and/or TOCSY. (5) Bifurcation for connected peaks. (6)
Connection of correlation with the adjacent atom on HSQC, which is conﬁrmed by COSY and/or TOCSY. (7) Connection of correlation of same
spin system on HSQC-TOCSY. (8) Bifurcation for connected peaks. (9) Peak lists of correlation of same spin system on HSQC-TOCSY. (10) Peak
lists of correlation of same spin system on HSQC. (11) Peak lists of HSQC signal for which correlation signal is not observed. (12) Data integration
of lists 1, 2, and 3. (13) Connection of the correlation with quaternary carbon (i.e., Q−C) in 13C−13C COSY and/or TOCSY with normal and
covariance processing. (14) Export clustered peaks of each component (more detailed information is provided in the Suppupporting Information
Methods section).
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separation of correlation networks was further evaluated using
3D NMR spectra, as networks from the 2D NMR spectra were
ambiguous (Figure S2c). However, the cost of time and human
error in manual chain assignment should be overcome for
tackling more complex NMR spectra, such as those of actual
biochemical extracts. Accordingly, an automatic chain assign-
ment system based on graph and network theory was
constructed in this study, allowing increased eﬃciency,
reliability, and time saving (Figure 2). To achieve the automatic
assignment, for example, a carbon atom adjacent to a
quaternary carbon is discriminated by 13C−13C COSY, the
same spin systems of a carbon directly attached to hydrogen
can be detected by 1H−13C HSQC, and an adjacent hydrogen
can also be discriminated by both 1H−13C HSQC-TOCSY and
1H−1H COSY. Several pulse programs were used to obtain the
H−H, C−H, and C−C correlation signals (Table S1). 13C−13C
COSY and TOCSY were useful for analyzing quaternary carbon
correlation.
Network clustering of single compounds was easily
established in high- and low-ﬁeld shift regions where the
peaks did not overlap. Conversely, the clustering of β-D-glucose,
β-D-galactose, and β-D-xylose was also established on the basis
of the correlation signals for connections between the
fragments. However, the cluster could not be automatically
separated as a single compound from the three sugars because
signals overlapped in this region (δ(1H) = 3−5 ppm, δ(13C) =
50−110 ppm). The three saccharides have similar structures
and so exhibited very similar chemical shifts. Therefore, the use
of constant-time (CT)-HSQC, CT-HSQC-TOCSY, CT-13C−
COSY, and CT-13C-TOCSY was useful for resolving signal-
crowded regions, namely the sugar region.37 Automatic chain
assignment using these peaks could separate signal groups
belonging to these three saccharides. Namely, the peaks of the
mixture of 12 standards were separated into signal groups of
each compound using automatic chain assignment. Therefore,
the network clustering described here is very useful for
categorizing the detected signals and is very helpful for
assignments to individual compounds in the metabolic mixture.
Moreover, although database searching yields candidates for
many compounds, narrowing the range of candidates was
possible with the technique described in this study (Table S2).
To achieve complete automatic chain assignment, the spectra
acquired at higher resolution may be important in solving the
problem of overlapping of peaks in the mixture.
The structures of compounds can be estimated from the
clustered peaks by the fragment assembly approach. First, the
partial fragment structure was estimated from the database
search results using the chemical shifts of the clustered network
of the standard mixture. Next, the entire metabolite structure
was constructed by assembling the fragment structures. Figure
S3 shows the predicted partial and entire structures of three
compounds as examples, using the fragment assembly
approach. The CCC and carboxyl group partial structures
are shown by the results of cluster analysis of the partial
structures and the most common substructure (MCS) method.
For example, the entire structure of fumaric acid was
constructed by the connection of predicted partial structures
and symmetrizing, given that HSQC and 13C−13C COSY
signals were observed for only one peak. Similarly, the partial
structures of two HSQC signals and one 13C−13C COSY signal
in the saccharide region (δ(1H) = 3−5 ppm, δ(13C) = 50−110
ppm) clustered as a network were predicted as a hydroxyl
group with CH2, an amino group with CH, and a carboxyl
group, respectively. The corresponding full structure was that of
serine. Furthermore, D-ribose was estimated by 1H−1H
networks derived from HSQC-TOCSY signals. These results
suggested the possibility of predicting the entire structure of
compounds in a mixture from chemical shifts using the
fragment assembly approach. In this approach, detection of all
H−H, H−C, and C−C correlations is desirable for estimation
of the entire structure of a compound. The detection of C−C
correlations, including quaternary carbon, is diﬃcult without
using a 13C-labeled sample. However, estimation of the
structure is possible using only H−H and H−C correlations.
The entire structure, including quaternary carbon, can be
constructed by estimation of a wide range of partial structures
with up to two to three bonds. In addition, when the H−H and
C−H correlations were deﬁcient, the same long-range
estimation was considered eﬀective to cover the deﬁcient data.
The validity of the estimated entire structure was evaluated
by a theoretical method.38 The theoretical chemical shift was
calculated by quantum chemistry using three predicted
Figure 3. Multidimensional NMR spectra of C. brachypus extract. (a) The high-ﬁeld region of the 1H−13C HSQC-TOCSY spectrum. (b) The
saccharide region of the 13C−13C TOCSY spectrum. The fragment networks of 12 metabolites were constructed by automatic network analysis in
each 2D spectrum. Six metabolites with one C−H fragment were not constructed from the network by automatic network analysis. The fragment
network of 12 metabolites (line) and C−H fragment of four metabolites (arrow) are shown, and the colors of the spectra correspond to the
automatically assigned 18 metabolites in Figure 5. (c and d) Strip plots of the HCCH−COSY spectra. The networks of a and b were conﬁrmed by
3D NMR. The colored lines are linked to the partial structures in Figure 4 and Figure S5.
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structures of the known mixture, as shown in Figure S3, after
conformational analysis. The most stable structure and its
ionized structure were optimized at the B3LYP/6-311++G**
level, and the theoretical chemical shift was calculated at the
GIAO/B3LYP/6-311++G** level. Theoretical chemical shifts
obtained using only the most stable structure do not necessarily
coincide with experimental chemical shifts. Accordingly, in this
study, two correction methods using several stable structures
were applied. A weighted average of the existence probability
based on the Boltzmann distribution and multiple regression
analysis revealed that the theoretical chemical shifts δ(1H) and
δ(13C) were very similar to the experimental values. If the
predicted entire structure was signiﬁcantly diﬀerent from that of
the true compound, the theoretical chemical shifts were
signiﬁcantly diﬀerent from the experimental values.
Application of Fragment Assembly Approach to
Biological Extracts from Caulerpa brachypus Harvey.
The same methodology was applied to peak-picked data sets
from the 2D and 3D NMR correlated signals of seaweed
extract. In particular, the peaks of L-glutamate and β-D-glucose
were clustered by automatic chain assignment using peak-
picked data of high intensity (Figure 3a,b). The correlation
signals of these networks were also conﬁrmed by 3D HCCH−
COSY (Figure 3c,d). Likewise, many groups were created by
automatic chain assignment and the peak-picked data of low
intensity (Figure 3a,b). There were 18 compounds for which all
neighbor correlation signals of the metabolites could be
conﬁrmed and matched by database searching (3-phosphogly-
ceric acid, α-D-glucose, acetic acid, L-alanine, L-arginine, L-
aspartic acid, citrulline, β-D-glucuronate, formic acid, β-D-
glucose, L-glutamic acid, L-leucine, methanol, methylmalonic
acid, phosphoenolpyruvic acid, succinate, L-threonine, and
trimethylamine). In addition, some of the 18 compounds
could not be clustered as peaks of each metabolite but were
clustered in identical groups. The reason for this is that there
were common partial structures and conformations, and so
some compounds had the same chemical shifts. For example, L-
arginine and citrulline have very similar structures, the only
diﬀerence being the end group. These peaks could not be
separated for each compound using CT-NMR. However, the
structures of all 18 compounds were considered to be estimated
separately by fragment assembly because this approach can
estimate several structures from the connection of peaks.
Moreover, the validity of several structures could be veriﬁed by
theoretical chemical shift calculations. Metabolites were
conﬁrmed by partial neighbor correlation signals and matched
by database searching for 30 compounds (Table S3 and Table
S4).
TOCCATA39 and COLMAR40 HSQC, which can annotate
compounds in metabolic mixtures with high reliability, were
used for comparison with the method in this study (Figure S4,
Table S3). Many metabolites in C. brachypus could not be
detected using COLMAR HSQC and TOCCATA analysis,
likely because the sample of seaweed had a high viscosity and
the signals of the metabolites were somewhat shifted. In
addition, the signals were searched in a wide allowable range,
but the detected ratio did not change. Here, the shifted signals
were considered to have low reliability. Thus, TOCCATA
could not analyze the mixture, and many metabolites could not
be detected. Therefore, a ﬂexible assignment method that does
not rely entirely on a database is considered to be important.
Next, the structures in seaweed were estimated by fragment
assembly using groups of peaks. For evaluation of the seaweed
compound shown in Figure 3a and c using the fragment
assembly approach, the partial structures were obtained from
the correlation signals of three HSQC signals ([1] δ(1H) = 3.74
ppm, δ(13C) = 57.4 ppm; [2] δ(1H) = 2.11 ppm, δ(13C) = 29.6
ppm; [3] δ(1H) = 2.34 ppm, δ(13C) = 36.2 ppm) by cluster
analysis and the MCS method in combination with a database
search. The predicted partial structure of [1] was O
C(O)C(N)CC, written by simpliﬁed molecular input line
entry speciﬁcation (SMILES; Figure S5a−c). Similarly, the
predicted partial structure of [2] was OC(O)C(N)CCC
O, and that of [3] was OC(O)CCC (Figure S5c). Peaks of
the quaternary carbon were not detected by COSY, but it was
deduced that [1] and [2] were connected to a quaternary
carbon by the prediction of a range of partial structures. Finally,
the predicted full structure was OC(O)CCC(N)C(O)O
(Figure S5d). Conversely, Figure 3b and d show the network of
ﬁve HSQC peaks, and the framework is shown in Figure 4a.
The predicted structure of one peak (δ(1H) = 3.72 ppm, δ(13C)
= 63.5 ppm) was CCO. The other predicted partial structures
were OC(C)OC (δ(1H) = 4.64 ppm, δ(13C) = 98.6 ppm),
CC(C)O (δ(1H) = 3.24 ppm, δ(13C) = 76.8 ppm), CC(C)O
(δ(1H) = 3.46 ppm, δ(13C) = 78.6 ppm), CC(C)O (δ(1H) =
3.4 ppm, δ(13C) = 72.4 ppm), and CC(C)OC (δ(1H) = 3.46
ppm, δ(13C) = 78.6 ppm) (Figure 4a−c). The chemical shift
(δ(1H) = 3.46 ppm, δ(13C) = 78.6 ppm) was considered to
correspond to the overlapped peaks of two diﬀerent partial
structures. Therefore, another partial structure was predicted
from the observation of a diﬀerent adjacent partial structure.
The predicted full structure was C1(O)C(O)C(O)C-
(OC1CO)O (Figure 4d). Here, the two hydrogens at C6 of
glucose are chemically inequivalent, resulting in two HSQC
peaks. However, structure generation is possible by using only
one signal because these chemical shifts give the same partial
Figure 4. Example of fragment assembly approach using correlation
signals of β-D-glucose in C. brachypus extract. (a) A backbone chemical
structure determined by automatic network analysis (Figure 3b,d).
The numbers are the 1H and 13C chemical shifts [ppm]. (b)
Hierarchical Organization of Spherical Environments (HOSE) code of
the expected partial structure from the database search and cluster
analysis with MCS analysis of metabolites obtained by the database
search. The binding of adjacent carbon is shown. (c) Each estimated
partial structure. The circle indicates the C−H corresponding to the
chemical shift. (d) The entire structure is made using the backbone
information and each partial structure. The circle indicates the C−H
corresponding to the chemical shift.
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structure by database searching. The structures of the
remaining 17 compounds were also estimated.
The theoretical chemical shifts of the 18 metabolites
automatically assigned in seaweed were calculated using the
structure estimated by quantum chemical calculations to
evaluate the validity of the assignment. Conformational analysis
and theoretical chemical shift estimation were performed by the
same method for the standard mixture. The chemical shifts of
the most stable structure and its ionized structure, the corrected
chemical shift based on the Boltzmann distribution, and the
chemical shift corrected by regression analysis using the most
stable structure of each compound were evaluated by the
prediction interval and root-mean-square deviation (RMSD).
The calculated chemical shifts of almost all of the metabolites
were within the prediction interval (Figure 5). However, the
calculated chemical shifts of the ionized structure of some
metabolites were outside the prediction interval. It was
considered that the wrong estimated structure or a signiﬁcant
conformational diﬀerence from the structure of the exper-
imental chemical shift resulted in large errors. Furthermore, the
RMSD values for the 1H and 13C chemical shifts of each
metabolite were calculated and the errors evaluated (Table S5).
All RMSD values for the 1H chemical shifts did not exceed 0.9
ppm. The 13C chemical shift of the ionized structure of L-
arginine had the largest RMSD (12.438). The structure of
phosphoenolpyruvic acid, in which only the phosphate group is
ionized, had a low RMSD (0.235 for δ(1H), 1.452 for δ(13C)),
but the structure in which the carboxyl group is also ionized
had a high RMSD (0.405 for δ(1H), 11.940 for δ(13C)). The
average RMSD for the most stable structure was 0.317 for
δ(1H) and 4.773 for δ(13C). The average RMSD for the ionized
structure was 0.373 for δ(1H) and 6.584 for δ(13C). In addition,
the average RMSD values for the corrected chemical shifts
based on the Boltzmann distribution and regression analysis
were 0.287 for δ(1H) and 4.716 for δ(13C) and 0.302 for δ(1H)
and 3.483 for δ(13C), respectively. The corrected theoretical
chemical shifts using the Boltzmann distribution and regression
analysis more closely resembled the experimental chemical
shifts than did the uncorrected ones. The theoretical chemical
shifts of stable structures, such as aromatic rings, were close to
the experimental values in previously reported studies.41 In
comparison, the theoretical chemical shifts of the most stable
structures of these metabolites showed larger deviations from
the experimental values. An aromatic ring is ﬁxed within one
conformation, whereas several conformations of the aliphatic
metabolites in this study had to be considered; if a nonoptimal
conformation is used, the error of the theoretical chemical shift
is large. Furthermore, the average error of the 13C theoretical
chemical shifts using B3LYP was approximately 5 ppm.42 These
results suggested that the assignment of the 18 metabolites,
excepting the ionized structures, was reasonable.
As a ﬁnal step, the solubility of the structures in water was
evaluated. As all 18 compounds were hydrophilic (Table S6),
their assignment as biological metabolites was possible.
To date, non-QM methods have been reported as the
methods and tools for chain assignment and structure
estimation of isolated compounds.43 Chemical shift prediction
using non-QM methods is many orders of magnitude faster and
globally more accurate for known molecules. However, an
assignment method for complex mixtures using only NMR
measurements has not been previously proposed. This paper
provides an algorithm (1−7 in Figure 2) as a new assignment
method for mixtures. The fragment assembly approach with
chain assignment can estimate the structures in complex
mixtures, and its usefulness has been demonstrated in this
study. Moreover, QM methods are more eﬀective than non-
QM methods for analyzing conformers resulting from diﬀer-
ences in temperature and solvent and estimating conformers of
unknown compounds.
■ CONCLUSIONS
This paper provides a semiautomatic assignment protocol for
NMR signals of complex metabolic mixtures using theoretical
calculations. The complex signals could be separated by
applying the constant-time method to the NMR measurements.
The correlation signals were used for chain assignment, and
automatic chain assignment could be used to separate peaks of
Figure 5. Experimental chemical shifts compared with the calculated chemical shifts of components in C. brachypus extract. (a) 1H chemical shifts
and (b) 13C chemical shifts. The chemical shifts of each component are shown by symbols (□, most stable structure; ◇, correction by Boltzmann
distribution;△, ionized structure; ▽, correction by regression analysis). The diagonal line is the center line of 0% error. The inside dotted line is the
95% conﬁdence interval, and the outside dotted line is the prediction interval. The RMSD values are shown in Table S5. (c) List of components for
which 100% correlation signals were conﬁrmed (see Table S3 and Table S4).
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the same group to each compound in the 12 standard mixture.
On the other hand, in the seaweed sample, complete separation
of the group peaks of each metabolite was diﬃcult, and CT-
NMR was not suitable for the minor compounds because its
sensitivity was too low. However, all neighbor correlation
signals of the 18 metabolites were conﬁrmed for the peaks of
some groups. Therefore, automatic chain assignment was more
eﬃcient than manual chain assignment in mixtures containing
many compounds. The process of automatic chain assignment
with preprocessing of peaks was completed in around 2 h.
The chemical frameworks of compounds in the mixture
could be constructed from the correlation peaks of groups.
Furthermore, chemical partial structures of the chemical
frameworks could be estimated by database searching and
similar structures were analyzed, as chemical shifts can be
assigned to speciﬁc partial structures. Entire structures were
constructed by assembling fragments as partial structures. In
this study, a fragment assembly approach was used to verify
whether the structures of known compounds could be
reproduced. The results suggested that the method could be
applied in the analysis of signals of unknown compounds. A
fragment assembly approach using a database of C−H and C−
C correlations is expected to estimate the structure with high
reliability.
Traditional annotation methods for metabolic mixtures
obtain candidates from NMR databases. However, the
annotation level and identiﬁcation level are not equal, as
shown in Table S4. The identiﬁcation method for complex
mixtures in this study is diﬀerent from traditional methods,
showing high quality identiﬁcation and the possibility of
identifying unknown compounds. This was accomplished by
semiautomatic structure estimation and veriﬁcation using
quantum chemistry. This protocol still needs artiﬁcial
conﬁrmation in each step, and various issues would need to
be addressed to achieve full automation. However, semi-
automatic signal assignment is possible.
Once the metabolite identiﬁcation has been performed, the
13C labeling technique can be used to elucidate metabolic
pathways and increase biochemical knowledge by 13C metabolic
tracing44 and ﬂux analysis.45 In the future, metabolites and
metabolic pathways associated with the growth of seaweed will
be elucidated using the assignment technique described in this
study, and by using time series data for 13C-labeled seaweed.
The methodology used in this study can lead to applications by
improving metabolic balance, not only in seaweed systems but
also in other biological systems.
■ METHODS
Details on sample preparation, NMR measurements, spectral data
pretreatment, chain assignment with an automatic algorithm based on
network theory, automatic chain assignment algorithm step, database
searching, structure estimation based on graph isomorphism theory,
conformational analysis and calculation of theoretical chemical shifts,
and reﬁning the possible compounds by solubility are summarized in
the Supporting Information.
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